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ICP-MSMulti-element analysis of honey samples was carried out with the aim of developing a reliable method of
tracing the origin of honey. Forty-two chemical elements were determined (Al, Cu, Pb, Zn, Mn, Cd, Tl, Co,
Ni, Rb, Ba, Be, Bi, U, V, Fe, Pt, Pd, Te, Hf, Mo, Sn, Sb, P, La, Mg, I, Sm, Tb, Dy, Sd, Th, Pr, Nd, Tm, Yb, Lu, Gd,
Ho, Er, Ce, Cr) by inductively coupled plasma mass spectrometry (ICP-MS). Then, three machine learning
tools for classiﬁcation and two for attribute selection were applied in order to prove that it is possible to
use data mining tools to ﬁnd the region where honey originated. Our results clearly demonstrate the poten-
tial of Support Vector Machine (SVM), Multilayer Perceptron (MLP) and Random Forest (RF) chemometric
tools for honey origin identiﬁcation. Moreover, the selection tools allowed a reduction from 42 trace element
concentrations to only 5.
2012 Elsevier Ltd. Open access under the Elsevier OA license.©1. Introduction
Honey is deﬁned as a naturally sweet substance produced by Apis
Mellifera bees from the nectar of plants or from secretions of living
parts of plants or excretions of plant-sucking insects. Honey bees col-
lect and transform these raw materials and combine them with spe-
ciﬁc substances of their own and deposit, dehydrate and store honey
in honeycombs to ripen and mature (European Community, 2002).
Honey is the only sweetener for foods that is not processed before
use by industries (Vanhanen, Emmertz, & Savage, 2011) and its total
production is increasing worldwide (Ma, 2009). The European Union
(EU) is the world's largest honey consumer, absorbing 22% of global
production (AusAID, 2008). In the EU and the USA, approximately
10% and 60–80% of honey, respectively, is used for foodmanufacturing
(Ward & Boynton, 2010). To assure food safety, honey should be free
from any undesirable contaminants (Frazzoli, D'Ilio, & Bocca, 2007).
Honeybees are continuously exposed to potential pollutants present
in widespread foraging areas and the inﬂuence of industrial pollution
on bee health has been widely documented (Leita, Muhlbachova,+55 16 4725.
evier OA license.Cesco, Barbattini, & Mondini, 1996). This makes honey a matter of
interest in food safety studies, particularly bearing in mind that the
majority of consumers are children. Different authors have highlight-
ed the possibility of using honey as a bio-indicator (Pinzauti et al.,
1991). In fact, mineral concentration in honey was found to be corre-
lated with geographic and ﬂoral origins, geochemical soil composition
and local pollution (Frazzoli et al., 2007). However, modern mathe-
matical tools have not been used for this purpose. Furthermore, the
honey produced in a honeycomb in a day is estimated to be the result
of at least 1 million interactions between bees and ﬂowers. For these
reasons, honey both as a food and as an environmental indicator is
an attractive topic (Frazzoli et al., 2007). Finally, minerals would
seem to be a good basis for a classiﬁcation system, mainly because
they are stable and can be associated with the soil where Melliferous
ﬂora grows (Anklam, 1998; Baroni et al., 2009; Fernández-Torres et
al., 2005).
The application of chemometric methods associated with trace
element concentration patterns is a useful way to characterize and
classify food products according to their origin and quality. Statistical
methods based on principal component analysis (PCA), cluster analy-
sis (CA) (Chudzinska & Baralkiewicz, 2010), soft independent model-
ing of class analogy (SIMCA) and linear discriminant analysis (LDA)
Table 1
ICP-MS operating conditions for determining trace metals in honey using the proposed
method.
Perkin Elmer Elan DRC II
Spray chamber Cyclonic
Nebulizer Meinhard®
RF Power (W) 1100
Ar nebulizer gas ﬂow (L min−1) 0.5–0.8 (optimized daily)
Scan mode Peak hopping
Resolution (amu) 0.7
Replicate time (s) 1
Dwell time (s) 50
Sweeps/Reading 20
Integration time (ms) 1000
Replicates 3
Isotopes 66Zn, 63Cu, 85Rb, 57Fe, 238U, 111Cd, 139La, 164Dy,
141Pr, 112Sn, 142Nd, 158Gd, 153Eu, 208Pb, 24Mg,
60Ni, 55Mn, 51V, 27Al, 75As, 137Ba, 121Sb, 9Be,
82Se, 95Mo, 31P, 59Co, 204Tl, 167Er, 209Bi, 140Ce,
173Yb, 175Lu, 232Th, 165Ho, 195Pt, 128Te, 106Pd,
150Sm, 159Tb, 178Hf, 52Cr.
Internal standard 103Rh
Correction equation: Zinc=64Zn−(0.035297×60Ni)
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tion have been used in evaluating the quality and origin of different
food products. On the other hand, methods such as Support Vector
Machine (SVM), Multilayer Perceptron (MLP) and Random Forest (RF)
have been scarcely used for this purpose. These methods can be used
for sample classiﬁcation. The classiﬁcation consists in identifying the
group of a new sample in which it belongs, after a preliminary group
classiﬁcation, using a trace elements composition database, for example.
More about data mining in chemometrics can be found in Mutihac and
Mutihac (2008).
On the other hand, for trace element determination in food sam-
ples, different atomic spectrometry techniques such as ﬂame atomic
absorption spectrometry (FAAS) (Tuzen, Silici, Mendil, & Soylak,
2007) or graphite furnace atomic absorption spectrometry (GF AAS)
(Santos et al., 2002), inductively coupled plasma atomic emission
(ICP-AES) (Kira & Maihara, 2007) and inductively coupled plasma
mass spectrometry (ICP-MS) (Sahan, Basoglu, & Gucer, 2007) have
been proposed. Nowadays, the use of ICP-MS is becoming more com-
mon in food laboratory analysis (Leblanc et al., 2005). Compared to
GF AAS or ICP-AES, this technique has some distinct advantages, in-
cluding simultaneousmulti-element measurement capability coupled
with very low detection limits (Parsons & Barbosa, 2007). Moreover, it
offers awider linear dynamic rangewhich allows the determination of
major and trace elements at the same sample injection. Additionally,
compared to ICP-AES, ICP-MS provides simpler spectral interpretation
and isotopic information.
Moreover, ICP-MS can screen the geographical origin of food prod-
ucts by analyzing numerous inorganic elements and obtaining ﬁnger-
prints of the element pattern (Ariyama, Nishida, Noda, Kadokura, &
Yasui, 2006). In this way the technique has been successfully applied
to vegetables (Ariyama et al., 2006), nuts (Gómez-Ariza, Arias-Borrego,
& García-Barrera, 2006), tea (Moreda-Piñeiroa, Fisherb, & Hill, 2003)
and wines (Coetzee et al., 2005).
Thus, the aims of this study were: i) to determine 42 chemical ele-
ments in Brazilian honey samples with a simple method using ICP-MS
and; ii) to classify honey by region based on its trace element compo-
sition, using Support Vector Machine (SVM), Multilayer Perceptron
(MLP) and Random Forest (RF).2. Materials and methods
2.1. Instruments and apparatus
A microwave oven equipped with PTFE vessels, model Ethos D
(Milestone, Monroe, CT, USA) was used for sample digestion. The
determination of the elements was performed by ICP-MS (Elan DRC
II, PerkinElmer, Norwalk, CT, USA). ICP-MS operating conditions are
shown in Table 1.2.2. Reagents
All reagents used were of analytical-reagent grade except HNO3,
which was puriﬁed in a quartz sub-boiling still (Kürner) before use.
A clean laboratory and laminar-ﬂow hood capable of producing
class 100 were used for preparing solutions. High purity de-ionized
water (resistivity 18.2 MΩ cm−1) obtained using a Milli-Q water pu-
riﬁcation system (Millipore, Bedford, MA, USA) was used throughout.
All solutions were stored in high-density polyethylene bottles. Plastic
materials were cleaned by soaking in 10% (v/v) HNO3 for 24 h, rinsed
ﬁve times with Milli-Q water and dried in a class 100 laminar ﬂow
hood before use. All operations were performed on a clean bench.
Multi-element stock solutions containing 1000 mg L−1 of each ele-
ment were obtained from Perkin–Elmer (PerkinElmer, Norwalk, CT,
USA).2.3. Sample collection, preparation and analysis
Fifty-seven sampleswere collected in different cities of Brazil (poli,
orange and sugar-cane ﬂowers). From the southeast region of the
country 34 honey samples were collected, the majority (31 samples)
from São Paulo state (cities: Altinopolis, Barretos, Batatais, Bebedouro,
Cajuru, Embu-Guaçu, Gavião Peixoto, Icangá, Itupeva, Limeira, Ribeirão
Preto, São Paulo, Tabatinga and Taquaral). From the south region 18 sam-
ples were collected (cities: Carambeí, Florianópolis, General Carneiro,
Gravataí, Ivaí, Maringá and Prudentópolis), 4 from the center east region
(cities: Brasília, Cristais and Teresópolis) and 4 from the northeast region
(cities: Aracaju, Eusébio, Limoeiro do Norte and Palmeiras). They were
collected from December 2010 to May 2011. All samples collected
came from registered producers with certiﬁcation of origin. For this
reason it was impossible to evaluate the same number of samples
in different Brazilian regions. Due to the small number of samples
from Brasilia, Rio de Janeiro and Minas Gerais States, we have grouped
them in the same region “center-east” (total of 4 samples).
Prior to analysis, samples without granulations were vigorously
shaken. Honeys with granulations (sugar crystals) were heated to
65 °C in a water bath for 30 min and occasionally shaken to guarantee
the homogenization and solubilization of sugar crystals, in accordance
to AOAC (1995). Then, 1000 mg of honey were accurately weighed in
conic 15 mL polypropylene Falcon® tube (Becton Dickinson) and
added 1000 mg of water for previous dilution and homogenization.
Then, 400 μL of this solution was homogenized and incubated by
20 min with 200 μL of HNO3 14 mol L−1. Finally, the volume was
made up to 10 mL with ultrapure water (HNO3 ﬁnal concentration
was 2% v/v).
In order to analyze the samples for all trace elements and to cor-
rect for matrix interferences, calibration of samples against matrix
matching was used. For this purpose, a honey base sample (color:
white amber light, density: 1.422 g mL−1) with low concentrations
of the elements was selected to be studied. The base honey was dilut-
ed like the samples and used as a matrix. Analytical calibration stan-
dards were prepared daily and the concentrations ranged from 1 to
20 μg L−1 for As, Cr, Sb, Be, Pb, Cd, Mn, Se, Rb, Co, Mo, U, Ni, V, Pt,
La, Dy, Pr, Sm, Nd, Gd, Te, Ho, Pd, Sm, Th, Tl, Er, Ba, Bi, Ce, Yb, Tb,
Hf and Eu; from 1000 to 5000 μg L−1 for Fe and P; from 10 to
100 μg L−1 for Cu, Zn and Al and from 100 to 1000 μg L−1 for Mg.
Rhodium was added as the internal standard to a ﬁnal concentration
of 10 μg L−1.
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The inﬂuence of mass on the homogeneity of honey samples was
evaluated. Thus, in order to avoid problems with sample viscosity,
we decided to heat all samples before hand at 50 °C for 10 min. After
that, the samples were diluted 1+1with ultra-pure water to improve
homogeneity and different sample masses were evaluated (0.2; 0.5;
1.0; 2.0; 5.0; 10.0 and 20.0 g), where 1 sample and 5 replicates per
mass were tested.
2.5. Evaluation of method accuracy: Comparison between the proposed
procedure and digested samples
To evaluate the accuracy of the proposed procedure, 4 commercial
honey samples were divided into two fractions. The ﬁrst fraction was
analyzed according to the proposed procedure with a simple sample di-
lution and the second fractionwas digested in closed vessels with a mi-
crowave oven decomposition system (Milestone ETHOS D) using the
method proposed by Nardi et al. (2009). Brieﬂy, samples (0.5 g) were
accurately weighed in a PFA digestion vessel and then 4 mL of nitric
acid 14 mol L−1+2 mL of 30% (v/v) H2O2 were added. Then, the di-
gester ﬂask was left to cool and the volume was made up to 10 mL
with Milli-Q water. Table 2 shows the results obtained for the major el-
ements using microwave digestion (MD) and the proposed method.
2.6. Trace elements in ordinary honey samples
The proposed method was used to analyze ﬁfty-seven ordinary
samples from different Brazilian cities. A descriptive statistical study
of trace, major and other elements present in these Brazilian honey
samples, as well as the range (maximum–minimum) is presented in
Table 3. Furthermore, the location of the lowest and highest concen-
tration is identiﬁed.
2.7. Chemometric approach
2.7.1. Dataset
The dataset consisted of 57 samples separated by region and 42
chemical elements.Table 2
Comparison between microwave digestion (MD) and the proposed method (PM) for determ
NIST (results expressed as concentration±SD, n=3).
Sample Honey A Honey B Honey C
Analyte MD PM MD PM MD
As (ng.g−1) 3.52±0.30 3.30±0.12 2.25±0.90 2.01±0.26 2.90±
Pb (ng.g−1) 14.10±0.49 14.4±0.11 8.28±0.89 7.55±0.13 28.23±
Cd (ng.g−1) 0.39±0.02 0.41±0.07 0.59±0.22 0.53±0.19 0.59±
U (ng.g−1) 0.031±0.002 0.029±0.001 0.070±0.003 0.066±0.003 0.272±
V (ng.g−1) 3.56±0.26 3.07±0.20 8.06±3.56 11.85±0.49 9.54±
Ni (ng.g−1) 11.35±0.54 11.68±0.48 93.06±3.51 96.03±0.18 481.98±
La (ng.g−1) 2.18±0.18 2.21±0.03 0.89±0.06 0.95±0.04 3.87±
Dy (ng.g−1) 0.37±0.04 0.45±0.04 0.18±0.05 0.18±0.04 0.40±
Pr (ng.g−1) 0.59±0.06 0.47±0.04 0.22±0.05 0.25±0.02 0.79±
Sm (ng.g−1) 0.54±0.08 0.62±0.04 0.20±0.07 0.26±0.03 0.68±
Nd (ng.g−1) 2.36±0.29 2.51±0.06 0.93±0.04 0.83±0.14 3.26±
Gd (ng.g−1) 0.73±0.05 0.69±0.09 0.30±0.06 0.26±0.03 0.70±
Eu (ng.g−1) 0.15±0.05 0.21±0.02 0.09±0.02 0.08±0.02 0.22±
Al (μg.g−1) 1.69±0.04 1.69±0.10 1.32±0.03 1.32±0.05 5.86±
Cu (μg.g−1) 0.13±0.01 0.13±0.002 0.22±0.01 0.21±0.01 0.54±
Zn (μg.g−1) 0.88±0.01 0.86±0.08 1.27±0.02 1.27±0.02 1.64±
Mn (μg.g−1) 1.14±0.10 1.37±0.12 1.93±0.03 1.99±0.11 3.02±
Fe (μg.g−1) 2.69±0.24 2.28±0.22 8.88±0.26 8.31±0.07 4.14±
P (μg.g−1) 88±1 85±2 89±2 92±1 217±
Mg (μg.g−1) 32.3±0.5 32.7±0.4 37.5±0.5 36.8±0.3 93.5±
Rb (μg.g−1) 1.65±0.16 1.61±0.13 2.23±0.04 2.20±0.12 3.67±The samples came from cities of 4 regions and divided as follows:
(1) The state of São Paulo.
(2) The central-east; composed of Distrito Federal and the states of
Minas Gerais and Rio de Janeiro.
(3) The northeast, composed of the states of Bahia, Sergipe and
Ceará.
(4) The south, composed of the States of Paraná, Santa Catarina
and Rio Grande do Sul.
We usedWeka to execute themachine learning algorithms.Weka is
an open source software issued under the GNU General Public License.
(Hall et al., 2009). We applied the following steps to the dataset:
Step 1: Selection
To select data according to deﬁned rules: In this case, it was neces-
sary to select one subset for training and another for testing. The
purpose of the training phase was to use the algorithm to identify
sample characteristics. In the testing phase, we checked to see
whether the algorithm was able to identify patterns for the sam-
ples that we wanted to classify. The most representative samples
possible are selected for the training and testing phases in order
to achieve accurate results.
A procedure called cross-validation was used for this step. This
technique consists of dividing the dataset into two parts: 1) training
(≥60%) and 2) testing (≤40%).
Step 2: Pre-processing:
In this step, some unimportant information was removed. In this
case the city attribute was replaced by regions {1,2,3,4} deﬁned
in the data characteristics.
Step 3: Data mining
In this step, we used the following algorithms:
Multilayer Perceptron Network
A neural network consists of a set of nodes (or neurons) and a
set of connections between the nodes, each of which has an as-
sociated weight. Each node is a simple processing unit, respon-
sible for collecting one or more inputs received via connections
and computing the weighted sum of inputs as its output value.ining the major elements present in honey samples and rice reference material from
Honey D NIST SRM1568a
PM MD PM MD Target value
0.30 3.79±0.60 6.18±0.43 6.60±0.40 300±21 290±30
0.74 29.33±0.65 18.95±0.65 19.93±0.42 8.29±2.31 b10
0.06 0.65±0.06 0.45±0.17 0.49±0.19 24±3 22±2
0.042 0.243±0.012 0.049±0.004 0.041±0.005 0.3±0.01 0.3
0.29 10.21±0.72 6.52±0.32 6.91±0.07 6.34±1.77 7
3.26 485.33±5.16 26.89±0.50 27.14±0.23 210±19 –
0.09 3.65±0.33 11.34±0.9 12.30±0.11 3.29±0.40 –
0.04 0.46±0.03 1.78±0.17 1.86±0.09 0.56±0.07 –
0.15 0.91±0.13 2.40±0.15 2.59±0.07 0.73±0.07 –
0.05 0.76±0.04 2.82±0.10 2.91±0.05 0.68±0.06 –
0.41 3.39±0.23 12.05±0.87 11.83±0.42 3.16±0.34 –
0.03 0.66±0.03 2.80±0.09 2.76±0.06 0.84±0.07 –
0.03 0.20±0.02 0.95±0.04 1.01±0.03 0.20±0.03 –
0.50 5.41±0.20 0.85±0.10 0.72±0.05 3.20±0.25 4.4±1.0
0.01 0.54±0.01 0.40±0.02 0.42±0.003 2.29±0.12 2.4±0.3
0.01 1.64±0.02 2.80±0.08 2.82±0.01 19.9±1.5 19.4±0.5
0.05 3.07±0.03 8.79±0.27 9.07±0.11 19.4±0.4 20.0±1.6
0.03 4.06±0.06 2.29±0.07 2.26±0.07 6.3±0.3 7.4±0.9
1 218±1 210±4 216±3 1488±84 1530±80
0.6 94.0±0.4 149.9±6.1 144.3±1.1 530±27 560±20
0.01 3.66±0.04 3.32±0.11 3.20±0.02 5.9±0.4 6.14±0.09
Table 3
Descriptive statistical analysis of 57 Brazilian honey samples collected in 29 different cities.
Toxic
(ng.g−1)
Al As Pb Ba Cd Sb U Be Ni
Mean (SD) 1394 (1191) 3.0(3.2) 8.7(7.2) 374(440) 0.33(0.28) 0.21(0.3) 0.05(0.08) 0.2(0.4) 49.5(68.3)
Range 233d–7372a 0.47a–20.2a 1.1d–31.4d 25.3c–2566a b0.02a–1.11a 0.02c–1.6a 0.003cb–0.5a 0.05d–0.5a 1.7d–485d
Essential
(μg g−1)
Cu Zn Mn Se Fe Mo P Co Mg
Mean (SD) 0.2(0.1) 1.5(1.2) 4.3(4.4) 0.005(0.003) 3.5(2.7) 0.003(0.002) 105(87) 0.007(0.006) 72.9(70.6)
Range 0.01d–0.7a 0.01d–7.1a 0.08d–18.8a 0.001a–0.01b 0.4a–14.1a 0.001b–0.01a 8a–486a 0.001d–0.03a 12.4b–360a
Other elements
(ng.g−1)
Rb V La Dy Pr Sm Nd Gd Eu
Mean (SD) 2726(2413) 6.82(7.9) 3.7(6.2) 0.5(0.8) 0.8(1.3) 0.8(1.2) 3.7(5.8) 0.8(1.2) 0.3(0.4)
Range 60d–15880d 1.0a–58.7a 0.04d–31.0a 0.02c–4.02a 0.01b–6.6a 0.02c–6.1a 0.09c–28.8a 0.02d–6.1a 0.01c–2.2a
Tl Er Bi Ce Lu Yb Th Ho Pt
Mean (SD) 2.0(2.3) 0.2(0.4) 0.04(0.04) 4.9(7.4) 0.02(0.04) 0.16(0.26) 0.6(0.5) 0.09(0.2) 0.018(0.006)
Range 0.01c–7.4a 0.001d–2.2a b0.005a–0.1a 0.02c–45.3a 0.001b–0.2a 0.004c–1.3a 0.2a–1.1c 0.001b–0.8 a 0.001d–0.02c
Te Pd Sn Tb Hf Cr
Mean (SD) 0.7(0.4) 0.05(0.06) 65.9(94.7) 0.09(0.2) 0.03(0.05) 4.5(4.0)
Range 0.02a–1.8 d 0.002a–0.2a 0.7a–447d 0.003d–0.7a b0.01a–0.21a 0.03a–11.5d
a São Paulo.
b Central east.
c Northeast.
d South.
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neurons have been shown to exhibit a high level of generaliza-
tion and are able to handle complex learning tasks. A network
of neurons, or neural network, is typically represented as a
layered graph. The ﬁrst layer consists of as many neurons as
the number of input attributes in the data. Each neuron in
the input layer receives a single input corresponding to the as-
sociated attribute. The last layer consists of as many neurons as
the number of classes in the data and these neurons have no
connections to other neurons. The intermediate layers, if any,
serve only to increase the network's ability to learn complex
classiﬁcation tasks.
The training of a neural network is an iterative process inwhich
each example in the training data is fed one at a time into the
ﬁrst layer of the network. Depending on the input a neuron re-
ceives, it may be activated and may propagate its output to the
set of nodes to which it connects. The propagation is deter-
mined by a so-called activation function, which determines
whether the output of each neuron is sufﬁciently high to justify
being sent forward into the network. The same procedure is
applied to the neurons in the second layer, and so on, until
the signal reaches the last layer. If the output of the last layer
is considered inconsistent with the training data, the weights
of a subset of the neurons are updated. Otherwise, no change
to the weights is necessary. The main parameters that need to
be set in a neural network are the topology of the network
and the maximum number of times that the training data has
to be fed into the network during the training phase.
Support Vector Machine
The Support Vector Machine algorithm performs a mapping of
the training data into a high-dimensional space (called the fea-
ture space) and constructs a linear classiﬁer in that space.
The main factor in the algorithm is the so-called kernel func-
tion, which makes it possible to handle the training phase as
well as the classiﬁcation of new examples when explicit map-
ping calculations need to be carried out.The typical support vector classiﬁer (for two-class problems)
consists of a hyperplane that separates the training data, or at
least a large part of the training data. The separating hyperplane
is such that it maximizes the margin of separation between ex-
amples belonging to distinct classes, i.e., the smallest distance
from an example in one of the classes to the hyperplane plus
the smallest distance from an example in the other class to
the hyperplane. This criterion is used to ﬁnd the hyperplane
that provides the most robust separation in the sense that the
majority of the examples are clearly separated from the exam-
ples of the other class. A quadratic optimization model is used
to ﬁnd such a hyperplane. With the use of the kernel function,
the computational effort required to compute such a hyper-
plane is kept at a reasonable level, since the mapping of exam-
ples is done implicitly. The main parameter to be adjusted in
the SVM classiﬁer refers to the type of kernel function used.
Random Forests
In the Random Forest algorithm (Breiman, 2001) several deci-
sion trees are constructed using bootstrap samples of the orig-
inal training data. The set of trees is then used for classiﬁcation
of an example based on the most frequent classiﬁcation among
them. This algorithm is an example of an ensemble classiﬁer,
since each tree can be regarded as an individual classiﬁer. It
achieves high levels of accuracy, usually much higher than
the accuracy obtained with a single decision tree.
When training a random forests classiﬁer, each test in a decision
tree is chosen using a small subset of the attributes in the training
data. Typically, a randomly selected set of at most log2(m) attri-
butes (where m is the total number of attributes) is used for
selecting the best test for each node. The computational cost of
building trees in this way can be very small compared to the
option of inspecting all attributes. This makes the algorithm ex-
tremely fast for large datasets.
While the generalization ability of each individual tree built in
this way is expected to be somewhat limited, the aggregated
output of such simple trees has been shown to result in high
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ensembles of classiﬁers.
Step 4: Interpretation
The patterns arrived at by these systems are transformed into
knowledge in order to make decisions. The next section presents
and discusses the results obtained through the application of this
methodology.
3. Results and discussion
3.1. Preliminary experiments
Minimal sample handling before trace element determination in
honey samples considerably reduces the risk of contamination and
analyte losses from excessive and prolonged sample treatments
(Pohl, 2009). Due to the high viscosity of honey samples however,
analysis by simple dilution may lead to imprecise results (Viñas,
López-García, Lanzón, & Hernández-Córdoba, 1997). Thus, in
order to avoid problems with sample viscosity and homogeneity,
the samples were heated and diluted beforehand. One gram of
honey was the minimum mass sample which presented the least
variation in precision (based on standard deviation) and this mass
was used in all subsequent experiments with good sample
representativeness.
Some of the major constituents of biological matrices such as C, Cl,
P, K, Na and S and their polyatomics are sources of spectral and phys-
ical interferences in ICP-MS analysis. Carbon, oxygen and nitrogen
may induce the production of polyatomic ions which interfere with
the determination of 54Fe (40Ar14N+), for instance, and this makes
the determination of some isotopes especially difﬁcult. To reduce
these types of interference, several approaches such as reaction
gases, matrix separations and mathematical equations can be used
(Batista, Rodrigues, Nunes, Souza, & Barbosa, 2009). For this proposed
method, solubilized honey samples were spiked with the trace ele-
ments under study in order to check recoveries. The recoveries from
one or more isotopes were evaluated when possible. In general, re-
coveries >85% was achieved for the selected isotopes and for zinc de-
termination the use of a correction equation was necessary (Table 1).Table 4
Comparison between trace element concentrations in Brazilian honey samples and in hone
Analytes Present study Spain
(Muñoz & Palmero, 2006)
Turkey
(Tuzen et al., 2007)
Al (μg.g−1) 1.39 – 0.16
(0.23–7.4) (0.08–0.32)
Pb (ng.g−1) 8.7 24 26.5
(1.2–31.4) (4–121) (8.4–106)
Cd (ng.g−1) 0.33 0.74 5.0
(b0.02–1.1) (0.07–1.59) (0.9–17.9)
Ni (ng.g−1) 49.5 – 13.0
(1.7–485) (2.6–29.9)
Cu (μg.g−1) 0.19 – 0.64
(0.01–0.7) (0.23–2.41)
Zn (μg.g−1) 1.50 0.67 3.59
(0.01–7.1) (0.10–2.72) (1.1–12.7)
Mn (μg.g−1) 4.31 – 1.36
(0.08–18.8) (0.32–4.56)
Fe (μg.g−1) 3.5 – 4.6
(0.5–14.1) (1.8–10.2)
P (μg.g−1) 105 – –
(8–486)
Mg (μg.g−1) 72.9 – –
(12.4–360)3.2. Analytical parameters and method accuracy
Four sampleswere digested and analyzed bymicrowave to provide
total concentrations to compare with the proposed method (Table 2).
Since matrix effects were observed, the use of matrix matching cali-
brationwasmandatory. In Table 2, the results of the proposedmethod
with matrix matching calibration are in good agreement with the de-
termination of digested samples. Reference-material rice ﬂour (NIST
1568a) was analyzed for quality control purposes.
The limits of detection (LOD) for ICP-MS were estimated from
blank analysis (10 replicates). The LOD was calculated as 3SDblank/
slope. Detection limits for As, Al, Cr, Cd, Cu, Fe, Mg, Mn, Ni, Pb, Rb, V,
U, Zn, P, La, Dy, Pr, Sn, Nd, Gd, Ba, Sb, Be, Se, Mo, Co, Tl, Er, Bi, Ce, Yb,
Lu, Th, Ho, Pt, Te, Pd, Sm, Tb, Hf and Eu were 0.7, 0.6, 0.4, 0.6, 0.9, 2.5,
5.6, 0.4, 0.5, 0.2, 0.72, 0.19, 0.04, 0.28, 43.8, 0.1, 0.1, 0.3, 0.2, 0.7, 0.1,
1.0, 0.8, 0.2, 0.75, 0.4, 0.3, 0.009, 0.006, 0.005, 0.005, 0.01, 0.002,
0.008, 0.007, 0.003, 0.005, 0.006, 0.004, 0.009, 0.008 and 0.06 ng.g−1,
respectively. Typical within-day precision was b7% (n=5), while
between-day precision was b15% RSD (n=10) for all analytes in the
study.3.3. Trace element concentration in Brazilian honey samples
After method validation, 57 varieties of Brazilian honey samples
were collected in different geographical areas from beekeepers and
treated to commercial grade. Then, they were analyzed in triplicate
using the proposed analytical procedure. The obtained values were
grouped into toxic, essential and other elements and group location.
Table 3 shows the mean, standard deviation and range of 42 elements
in all Brazilian honey samples analyzed. Element concentrations varied
widely. Generally, fertilizers, especially some imported fromChina,may
contain rare earth elements (Zhang & Shan, 2001) and this may be
reﬂected in the mineral composition of honey, as bees are exposed to
all environments. For rare earth elements, samples presented mean
values of less than 1 ng.g−1, except for La and Nd (~3.6 ng.g−1).
Table 4 provides a comparison of trace element concentrations in
Brazilian honey samples with those in honey samples from other
regions. In general Brazilian honey presents higher mean concentra-
tions for Ni, Mg and Al and lower mean concentrations for Pb, Cdy from other countries.
Spain
(Fernández-Torres
et al., 2005)
Macedonia
(Stankovska, Staﬁlov,
& Šajn, 2008)
Saudi-Arabia
(Osman, Al-Doghairi,
Al-Rehiayani, & Helal, 2007)
– – –
– – 61
(38–80)
– 10 9.8
(1–270) (2–37)
– – –
0.85 1.40 0.29
(b0.53–2.12) (0.02–5.90) (0.21–0.39)
3.96 3.30 0.53
(1.33–7.83) (0.31–15) (0.21–0.75)
3.14 7.20 0.24
(0.13–9.47) (0.16–82) (0.19–0.37)
– 1.9 1.9
(28–7) (0.3–3.2)
102 – –
(51–154)
39.0 30 20.4
(13.2–74.4) (4.4–182) (18.4–23.2)
Table 5
Result of classiﬁcation with several attributes for region 1×Not 1.
Test dataset for region 1×Not 1 Classiﬁer algorithm
% accuracy
MLP SVM RF
(1) 2 variables (Tl, Er) 79.9 66.3 74.1
(2) 3 variables (Pb, Tl, Er) 81.0 65.0 73.4
(3) 5 variables (Pb, Tl, Pt, Ho and Er) 82.8 66.3 79.3
(4) 8 variables 80.5 66.2 78.1
(5) 15 variables 68.1 65.4 67.0
(6) 42 variables 78.3 77.0 71.4
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Fig. 1. The classiﬁcation algorithms with several variables for region 1×Not in 1.
214 B.L. Batista et al. / Food Research International 49 (2012) 209–215and Cu. The mean values found for P, Zn, Mn and Fe were very similar
to those found for honey samples from other countries. Generally, the
presence of Ca, K, Mg, Li, Na and Rb is associated with ﬂoral origin,
agricultural practices and soil characteristics. On the other hand, Fe,
Zn, Cu, Cr, Ni, Al, Cd and Pb are basically associated with environmen-
tal pollution (Pohl, 2009). On the other hand, the presence of rare
earth elements (REE), such as La, Dy, Ce, Th, Sm, Ho and Er, are asso-
ciated with the use of fertilizers containing high levels of these ele-
ments. REE has been claimed to increase growth and productivity of
plants. This practice is very common in China, the most important
producer of fertilizers and Chinese fertilizers are the most common
fertilizers used in Brazilian agriculture.3.4. Chemometric tools for geographic origin evaluation
The classiﬁcation was established separating one subset of sam-
ples for training and another for testing, using the cross-validation
method. 10 different cross-validations were applied to each subset
of selected samples. This was repeated 20 times for each algorithm
for a total of (10×20)=200 times for each algorithm and for each
subset of samples. This number was chosen because when we used
a larger number, the results were about the same. Many tests were
carried out during the training to check algorithm performance in
identifying patterns in the samples.
The attempt to execute the algorithms using only the samples
from regions 2 and 3 was unsuccessful since the software reported
that the number of samples was not sufﬁcient. The ﬁrst result was re-
lated to the number of samples for regions 2 and 3. The classiﬁcation
algorithms were not able to produce a good classiﬁcation when ana-
lyzing the 4 groups against all. On the other hand, Table 5 shows
the results obtained by the 3 algorithms to classify honey from region
1 (São Paulo state)×not 1 (other regions). All of the original samples
and attributes were used in the cross-validation process.
It was necessary to use algorithms to select or rank the variables that
most strongly inﬂuence the classiﬁcation in order to run these tests.We
used two algorithms in WEKA for this purpose: InfoGainAttributeEval
and SVMAttributeEval.
Table 6 shows the selected variables by algorithm for variable
ranking. The variables ranked most highly by the algorithms were Tl
and Er. There is no variable that is able to classify all the samples by
itself. A subset of variables is needed to achieve a good classiﬁcation,
as shown by Table 6. Tests were run for all classiﬁcation algorithms
for the 6 results presented in Table 6.Table 6
Attribute ranking results using two ranking algorithms.
Ranking First 5 variables
1 Tl Ni Bi Sm Er
2 La Nd Gd Ho Er
3 Tl Ni Sm Pr Er
4 Tl Co Sb Th Ho
5 Pb Tl Pt Ho Er
6 Tl La Nd Gd HoTable 5 also shows that it is possible to make a classiﬁcation with a
reduced number of variables (chemical elements), in this case 5. Final-
ly, Fig. 1 shows the general performance of the 3 algorithms evaluated
for classiﬁcation using a different number of variables.
4. Conclusion
To our knowledge the present study is the ﬁrst to establish the levels
of 42 chemical elements (toxic and essential elements) in Brazilian
honey samples. Moreover, data mining techniques were evaluated to
discriminate origin of samples with the established chemical element
database. The proposed approach using the MLP, SVM and RF algo-
rithms represents a fast and interestingway to generate highly informa-
tive multi-element ﬁngerprints of honey samples that may be used for
quality control and determination of geographic origin, production lo-
cation and authenticity. Moreover, we have demonstrated that a subset
consisting of only 5 chemical elements (Pb, Tl, Pt, Ho and Er), identiﬁed
on the basis of the application of two feature selection algorithms, are
enough to provide good classiﬁcation results.
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